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A Multi-Portrait Semantic Segmentation Method Based on Semantic
Fusion Features

Feng Guang', Tang Chong

(1. School of Automation, Guangdong University of Technology, Guangzhou 510006, China; 2. School of Computer
Science and Technology, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: Portrait semantic segmentation is one of the important research contents in the field of computer vision,
but the existing portrait semantic segmentation methods are liable to ignore the small size portraits in multi-person
portrait images. At the same time, the segmentation results are prone to the phenomenon of mutual adhesion
between multiple portraits. Moreover, the phenomenon of mutual occlusion between portraits in the image easily
leads to poor segmentation accuracy of portrait edges. Based on the above problems, a semantic segmentation
method for multiple portraits with fused label semantics is propose, where multiple labels are assigned to multiple
portraits in an image, and semantic labels are embedded as inputs to the encoder at the same time, and the semantic
labels and the image feature representations are correlated using the cross-modal cross-attention module, and the
semantically fused feature representations are obtained as outputs of the encoder at each layer of the model. The
HRF attention module is proposed to generate multiple hypotheses for image based on target detection algorithm
for feature extraction separately. The network is trained and tested on Supervisely augmented dataset. The
experimental results show that the algorithmic model achieves 95.94%, 94.60%, and 96.02% accuracy on the three
evaluation metrics of PA, MloU, and Dice, respectively, and has higher segmentation accuracy than the semantic
segmentation models U-net, PSPNet, Deeplab v3+, PortraitNet, and Swin Unet.
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Table 4 Comparison of different segmentation models

R PA/%  MIoU/%  Dice  “FY¥I5%IHK/ms
U-net 92.32 90.86 93.78 34.12
PSPNet 93.68 91.95 94.41 40.23
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PortraitNet 94.42 92.80 94.99 32.04
Swin Unet 95.40 94.01 95.82 55.14
ARCH 95.94 94.60 96.02 50.26

PAIBH T 3.620F 43 55, MIoUME ! 17 3.744 1 49 1,
Dice REGEH T 2.241MH 47 #is 53T U-netdb 41724
HFIPSPNetfDeeplab v3+HEL, PAZ Hl i H T
2.26NH 43 RANLA84H 73 s, MIoU 23 Al H 1
2.65NH 3 MAINLT3NEH 53 5 Dice R I H T
L6 E 3 sF0.981N F 43 s BB AR B
HPortraitNetfH Lt PASE T+ 1 1.524F 43 21, MIoU42
T+ T 1.80NE 4 £, Dice REGHE H T 1.034H 43
5k B 4 BB Swin Unet# He, 7E3/N WAL $E AR
PA.MlIoU.Dice 173 71450.54.0.59F10.21 F 73 i
ML A« 3 5 BIRE FE A ZE AN K, (AR SCRE A 5 Swin
UnetH Eb , 43 15 FF 58 PR . ST 5, A SO 7T R A
TEVEb AR FIA S T BONPTLIIRE B

T — AN EVEBA SR a2 R
F T B TSR AT {5 BE ), R 1 5 B0 b ) A S
TR (1) 73 B BEHEAT VP AL, MBE S IR E 4 2
NG EUGEAT 53 BRI AL B, #5128 n] #A,
sy E s R E6 TR .

(a) R

(b) U-net (c) PSPNet  (d) Deeplab v3+

(e) PotraitNet  (f) Swin Unet  (g) AL H %

Ko B TIar AL xT thah

Fig.6  Model segmentation visual comparison results

MG BN G5 RAIEE A A U-netty S A B ™
5, Fo) AT NBFE LI T o HIAEEBINR;
PSPNetd: A1l LLSE i % N NG EEER K 71, (HAE &6
(o) T NBLZ BB T By U8R AR5
Deeplab v3+HIPortraitNetA H HLA G B Ax 7 FIA 58
BRI, EANRENMEZ AR T BB TR

FIILG (Bl 6(d)H Ta) AR T8 A 7 N T8
Swin Unet7) #|8CR BE4, ABAE D6 a0 o) ) A 15
XA T AN RSE NG BT PS IS, 18 2 2 I
Fr VAT AL B 43 B IR I R s AR SO AL A DA B 54
B, N5 NEZ B 485 7 B AL BT, T LU
F4nH AL 2 Kl 6(g)Hh 2 MG EUE N RSE AR, T4
I i 6T P 6 (g) HAHZE A7 7 AMEAZIN RS N 15
R ] DO HF- AT A 200 E], NBIASGHRS B, 18
INRSENAGFIA T7 R NAGAHEAL , 38 H IR AR 5%
FIRIILE, 73 FIRS BERT& U

3 g

AR 2 NG EUGTE Lo F b I AMER 2
AUHH BRGNS MR H Al 2 & N R0 %%
Y > FORG LA SR [ L 4R T — MRS AR SR
X2 NGVE X 53877 %078 e HE
)2 NG EG AT BT AR, 3 03 4 b 1 bR
RV, ARG A T U-net @ M3 T W1, B bR
P [ B A g i 28 SN 5 SREBOR RIS T IR RFAE
TN JE AE P B A A8 X B THUR AT R AR Rl &
BRI SRS € B AE RO AE bt — 2 g A i 1
[N 42 H HRF attention S HUEAT B RFAESR X, £
AR I S5 A B 22 MR AR v N BEAT FFAE 52
I, FRBEAT REERL S, 7870 K FECNN I 3 KK 7 g
77 - fESupervisely 4 SR HHE 5 T~ BT YNGR, 43¢
FALLE3 P FRFRPA \MIoU. Dice REU A E] T
95.94%.94.60%F196.02%[KJKE E , X LU T35 L4y A
M U-net.PSPNet. Deeplab v3+.PortraitNet.Swin
Unet BA 5 i (RS L B A SCRR R S J 2, 73 H1i
JE B AR AR A B AR B, S5 S UK S AR A
IENEE S B _ LR T E 2R R

S K-

[1] Em EETWESE M AG D B 77 LT 5E[D]. Bk  761L
AR KA, 2022.

[2] WS, £, RH22, 55 BT 2 OB RRAE B G 0 2% (0 3

TR B TG AL R 23 25 7], HBRAS BRH 32 22 4R, 2022,
24(5): 962-980.
KUAI'Y, WANG B, WU Y L, ef al. Urban vegetation classi-
fication based on multi-scale feature perception network for
UAYV images[J]. Journal of Geo-Information Science, 2022,
24(5): 962-980.

[3] RONNEBERGER O, FISCHER P, BROX T. U-net: convo-
lutional networks for biomedical image segmentation[C]
//Medical Image Computing and Computer-assisted Inter-
vention-MICCAI 2015: 18th International Conference. Mu-



28

7R Ll R R

a0 %

[5]

[9]

[10]

(1]

[12]

[13]

[14]

[15]

nich: Springer International Publishing, 2015: 234-241.
WEIY, XIA W, LIN M, et al. HCP: a flexible CNN frame-
work for multi-label image classification[J]. IEEE, 2015,
38(9): 1901-1907.

AZAD R, ASADI-AGHBOLAGHI M, FATHY M, et al. At-
tention DeepLabv3+: multi-level context attention mechan-
ism for skin lesion segmentation[C] //European Conference
on Computer Vision (ECCV) . Glasgow: Springer Interna-
tional Publishing, 2020: 251-266.

BT, BRF, RS, 5. T o i DeepLabv3+ ER 15
SUor BB T 0], R G H AR, 2023, 35(11): 2333-
2344,

ZHAO W P, CHEN Y, XIANG S, ef al. Research on image
semantic segmentation algorithm based on improved Dee-
pLabv3+[J]. Journal of System Simulation, 2023, 35(11):
2333-2344.

YANG Y, WAN W, HUANG S, ef al. RADCU-Net: resid-
ual attention and dual-supervision cascaded U-Net for retin-
al blood vessel segmentation[J]. International Journal of Ma-
chine Learning and Cybernetics, 2023, 14: 1605-1620.

FU J, LIU J, TIAN H, et al. Dual attention network for scene
segmentation[C] //Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition. Long
Beach: IEEE, 2019: 3146-3154.

AMER A, LAMBROU T, YE X. MDA -unet: a multi-scale
dilated attention U-net for medical image segmentation[J].
Applied Sciences, 2022, 12(7): 3676.

MPRSC, RAKAG . R A B ITEAR TR T 2 R EHR R
FIVOL]. HHENRNE SR E. https:/link.cnki.net/urlid/11.5602.
TP.20230829.1911.004.

TR, BT 2 RBERHAE I 58 1 2 45 25 R o 807 7T
[D]. P PHALK %, 2023.

HKIUE, B, 258, SAU-Net: 21 U-Net#l H 14 2 J1Hl
il 5 2 BG4 B0 7 VR[], HLF 2441, 2022, 50(10): 2433-
2442.

ZHANG S J, PENG Z, LI H. SAU-Net: medical image seg-
mentation method based on U-Net and self-attention[J]. Acta
Elect Ronica Sinica, 2022, 50(10): 2433-2442.

WU W, LIU H, LI L, et al. Application of local fully convo-
lutional neural network combined with YOLO v5 algorithm
in small target detection of remote sensing image[J]. PloS
One, 2021, 16(10): €0259283.

CHEN L C, ZHU Y, PAPANDREOU G, et al. Encoder-de-
coder with atrous separable convolution for semantic image
segmentation[C] //Proceedings of the European Conference
on Computer Vision (ECCV) . Munich: Springer Interna-
tional Publishing, 2018: 801-818.

ZHANG Y, TIAN Y, KONG Y, et al. Residual dense net-
work for image super-resolution[C]//Proceedings of the
IEEE Conference on Computer Vision and Pattern Recogni-
tion. Calgary: IEEE, 2018: 2472-2481.

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

KM, 7] g%, A-LinkNet: {3 5 /) 5 23 (045 B A& 1
& SO B2 0], W05 5 R, 2022, 37(9): 1199-1208.
DUM M, SIMA HF. A-LinkNet: semantic segmentation
net-work based on attention and spatial information
fusion[J]. Chinese Journal of Liquid Crystals and Displays,
2022, 37(9): 1199-1208.

FIORH, R, g, & R TSRS EE M
2% [¥) 2 BN IO T VR[], T P K SR (H AR
20 , 2024, 42(2) - 84-93.

WANG X Y, WANG C R, ZHANG J F, et al. Multimodal
sentiment analysis based on cross-modal cross-attention net-
work [J]. Journal of Guangxi Normal University (Natural
Science Edition) , 2024, 42(2) : 84-930.

IR, VLW, BT, 55, 2 T B RS TRA g i (1 2 A1
AT, THE LT RE 5 . 2024, 60(18): 208-216.
SUN B, JIANG T, JIA L, et al. Multimodal sentiment ana-
lysis based on cross-modal joint-encoding[J]. Computer En-
gineering and Applications, 2024, 60(18): 208-216.

CHEN Q, GE T, XU Y, et al. Semantic human matting[C] //
Proceedings of the 26th ACM International Conference on
Multi-media. New York: ACM, 2018: 618-626.

VUK, SEFRUE, E R, A JE TR G 10K BR B0 sl
T U-netiF HEEE 2 A8 70 BITT VA (D). WOt 5 e B 7k
&, 2020, 57(22): 74-83.

HUANG Y J, SHI Z F, WANG Z Q, et al. Improved U-net
based on mixed loss function for liver medical image seg-
mentation[J]. Laser & Optoelectronics Progress, 2020,
57(22): 74-83.

ZHAO H, SHI J, QI X, et al. Pyramid scene parsing net-
work[C]//Proceedings of the IEEE Conference On Com-
puter Vision and Pattern Recognition. Kyoto: IEEE, 2017:
2881-2890.

CHEN L, ZHU Y, PAPANDREOU G, et al. Encoder-de-
coder with atrous separable convolution for semantic image
segmentation[C] //Proceedings of the European Conference
on Computer Vision (ECCV) . Munich: Springer Interna-
tional Publishing, 2018: 801-818.

ZHANG S H, DONG X, LI H, et al. PortraitNet: realtime
portrait segmentation network for mobile device[J]. Com-
puters & Graphics, 2019, 80: 104-113.

CAO H, WANG Y, CHEN J, ef al. Swin-unet: unet-like pure
transformer for medical image segmentation[C]//European
Conference on Computer Vision. Cham: Springer Nature
Switzerland, 2022: 205-218.

BT, WA, SO AL T DL T I 46 AR () £ 2R 2 =)
ATRHTN T AR Tl K524, 2022, 39(3): 41-48.
FENG G, PAN T F, WU W Y. An online learning behavior
analysis based on bayesian network model[J]. Journal of
Guangdong University of Technology, 2022, 39(3): 41-48.

(FAESR A M EUFH: R


https://doi.org/10.1007/s13042-022-01715-3
https://doi.org/10.1007/s13042-022-01715-3
https://doi.org/10.1007/s13042-022-01715-3
https://doi.org/10.3390/app12073676
https://link.cnki.net/urlid/11.5602.TP.20230829.1911.004
https://link.cnki.net/urlid/11.5602.TP.20230829.1911.004
https://doi.org/10.1371/journal.pone.0259283
https://doi.org/10.1371/journal.pone.0259283
https://doi.org/10.37188/CJLCD.2022-0046
https://doi.org/10.37188/CJLCD.2022-0046

	1 网络框架
	1.1 网络总体框架
	1.2 HRF Attention模块
	1.3 跨模态交叉注意力模块
	1.4 混合损失函数

	2 实验与结果分析
	2.1 实验环境
	2.2 数据集
	2.3 评估指标
	2.4 实验结果
	2.4.1 基于编码器的消融实验
	2.4.2 基于混合损失函数的超参数实验
	2.4.3 模型性能对比实验


	3 结论
	参考文献

